Departing from prior research analyzing the implications of social structure for actors' outcomes by applying either an ego network or a global network perspective, this study examines the implications of network communities for the invention productivity of firms. Network communities represent dense and nonoverlapping structural groups of actors in a social system. A network community lens helps identify new ways to study firms' access to diverse knowledge inputs in a dynamic system of interorganizational relationships. Specifically, we examine how the membership dynamics of a network community affect the invention productivity of member firms by either enabling or constraining access to broad, diverse knowledge inputs. Our findings suggest, first, that a firm reaps the greatest invention benefits in a network community with moderate levels of membership turnover. Second, a firm attains the greatest invention productivity when its own rate of movement across different network communities is moderate. Third, we find that community members located in the core of their network community can benefit more from membership dynamics and prior community affiliations than those on its periphery. In empirical analyses, we use the evolving community structure of the network of interorganizational partnerships in the global computer industry over 1981-2001 to predict firms' patenting rates.
In recent years, scholars have made significant advances in understanding how the social structure of markets impacts companies' learning and invention productivity by shaping the flows of resources and information among them (Beckman & Haunschild, 2002; Greve, 2009; Lavie & Drori, 2012) . Since the critical knowledge required for developing new inventions is often complex and noncodifiable, interorganizational relationships can be particularly instrumental in facilitating the exchange and transmission of tacit knowledge through joint action, collaborative learning, and direct observation (Mowery, Oxley, & Silverman, 1996) . As a result, research suggests that the locus of invention activities is often situated in networks of interorganizational ties, because novel ideas are frequently born at the intersection of different organizations' knowledge flows (Powell, Koput, & Smith-Doerr, 1996) .
Prior research has generally applied two complementary perspectives to explore the effects of interorganizational networks on firms' invention productivity. The ego network perspective suggests that a firm's invention outcomes are linked to the magnitude, diversity, and accessibility of knowledge inputs, which are in turn critically shaped by the firm's ties to its partners and the partners' ties among themselves (e.g., Ahuja, 2000; Zaheer & Bell, 2005) . In contrast, the global network perspective has emphasized the benefits of knowledge diffusion through a broader social space, including the overall structure of firms and their ties within their industry (e.g., Abrahamson & Rosenkopf, 1997; Schilling & Phelps, 2007; Uzzi & Spiro, 2005) . According to this view, a firm's ability to invent is often intricately linked to the extent to which such a global network supports or inhibits the flows of knowledge and ideas throughout an industry. In one application of this approach, Schilling and Phelps (2007) found that the degree of "small worldness" of a global, industry-wide network positively affects the invention rates of firms in that industry.
In this article, we suggest that both perspectives risk providing an incomplete picture of the relationship between networks and invention because they do not account for the role of network communities in affecting firms' generation of new knowledge. Invention refers to the "development of a new idea or an act of creation" in a product or service space (Ahuja & Lampert, 2001: 523) . Inventions (instances of invention) are thus critical antecedents for innovation, which entails the commercialization of an invention and thus constitutes the cornerstone of firms' entrepreneurial activities (Scherer & Ross, 1990) .
Network communities, in turn, are dense, nonoverlapping structural groups within a network. In each of these communities, actors are connected more to each other than to actors outside their group (e.g., Knoke, 2009 Knoke, : 1697 . Figure 1 illustrates the network community perspective as well as the two alternative perspectives with diagrams. Network communities are prevalent in a range of interorganizational systems (e.g., Baum, Shipilov, & Rowley, 2003; Davis, Yoo, & Baker, 2003; Knoke, 2009 ). The value of adopting a perspective that focuses on the role of network communities lies in identifying new ways to examine firms' access to diverse knowledge inputs in a dynamic system of interorganizational relationships. This third perspective has thus far escaped the attention of scholars taking either an ego network or global network perspective. Specifically, the community perspective is distinguished by its use of the boundaries of network communities (rather than the properties of either an ego [e.g., Ahuja, 2000] or a global network [e.g., Schilling & Phelps, 2007] ) to demarcate heterogeneous knowledge inputs in interorganizational systems. Furthermore, examining network communities allows for a unique focus on the dynamics of firms' movement across different communities, which in turn provides new ways to capture how heterogeneous knowledge is redistributed through an interorganizational system over time.
Network communities can impact firms' invention productivity for two reasons. The first is related to our expectation that information, knowledge, and other critical resources are likely to be more homogeneous within rather than across network communities. Because the combination of dense connectivity within communities and sparse connectivity across communities can make it easier for firms to exchange knowledge with other members of their own community, such structures can homogenize knowledge within communities while also engendering some knowledge diversity across communities Lazer & Friedman, 2007; Reagans & Zuckerman, 2001) . The second reason is that the short network distances and the reduced transaction costs characterizing dense network structures within communities can make it easier for firms to access and
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utilize the resources of their own network community, rather than the more distant resources of the broader interorganizational network (Coleman, 1988; Greif, 1989; Gulati, 1995) .
Nevertheless, the combination of the relative ease in accessing the knowledge inputs of a firm's own community and the community's structural isolation from the rest of a network points to a possible tension concerning how network communities can affect firms' invention output. On the one hand, a network community's cohesion can facilitate the invention productivity of member firms by allowing them to access a local pool of knowledge through either their direct ties or their short, indirect ties to other community members (Ahuja, 2000; Haunschild & Beckman, 1998) . Having such a common knowledge "platform" may also offer a firm a wider and more easily identifiable range of opportunities for recombining the complementary knowledge inputs available in its community. On the other hand, community affiliation can stifle invention productivity because of the structural isolation of network communities from one another and their relative isolation from their broader network. Knowledge, information, and other resources are likely to flow less freely across communities that have sparse connectivity and longer network distances between them. Thus, community members can access only a fragment of their industry's knowledge base, rather than the more heterogeneous knowledge available in the industry's global network (Glasmeier, 1991) .
In this article, we argue that one way to resolve this tension is by focusing on the dynamics of network communities. When analyzed through a dynamic lens, network communities can offer the benefit of easy access to knowledge that is both locally available and diverse. The benefit of diverse knowledge becomes available as firms move across different network communities and thus change the composition of the network communities over time. Firms can benefit from the membership dynamics of network communities either indirectly or directly. The indirect effect results from turnover of community members, which exposes incumbents to the new knowledge and resources new community members bring in. The direct effect, in turn, arises when a firm moves across different network communities over time, thus gaining direct exposure to the distinct knowledge bases of those communities. Because both of these effects can shape the diversity of knowledge that is locally available to a firm as a member of a given network community, we expect them both to influence the firm's invention productivity. We further examine how these effects can vary depending on the firm's structural position in its community and the overall diversity of knowledge across the communities.
Exploring the dynamics of network communities can result in significant theoretical implications that extend beyond those offered by the ego network and global network perspectives. First, the network community perspective advances the existing perspectives by capturing the distribution of and access to heterogeneous knowledge and resources in social systems. Most notably, the ego network perspective links access to diverse knowledge and resources to those ego network positions that span "structural holes" between otherwise unconnected actors (Burt, 1992 (Burt, , 2004 . We, in turn, extend this reasoning by suggesting that the boundaries of network communities can be used to effectively demarcate the heterogeneity of knowledge inputs. Understanding the structure and dynamics of network communities can thus advance the structural theories of action and outcomes beyond ego network implications.
Second, the dynamics of network communities and their impact on firms' invention productivity are difficult to capture empirically just by analyzing the characteristics of firms' ego networks or the properties of global networks over time. For instance, one can envision a situation in which two firms maintain the same structures of ego networks, but one is a member of a highly dynamic network community with high membership turnover, while the other is in a static community. Similarly, of two firms with the same ego networks, one could move across different network communities frequently, while the other remained in one community over time. Furthermore, while a global network can have stable structural properties, these stable patterns may conceal the membership dynamics taking place inside network communities. The network community perspective can thus locate sources of informative variance in these situations that might otherwise be overlooked. Against this backdrop, consider that the existing network models of behaviors and outcomes often leave a lot of unexplained variance. For example, scholars frequently observe situations in which actors residing in the same global network and with the same ego network structure obtain different outcomes (e.g., Burt, 2012) . With our present focus on network communities, we can begin to address this issue and thus enhance the explanatory power of sociostructural models of action and outcomes.
Taken together, these considerations may lead scholars to incorporate a new stage in the systematic analysis of how network structures affect behaviors and outcomes of individual and corporate actors. This stage would be exploration of how the composition and the dynamics of network communities can affect actor outcomes. A focus on network communities is likely to be equally relevant for scholars examining network change and those examining network dynamics (e.g., Powell, White, Koput, & Owen-Smith, 2005; Zaheer & Soda, 2009 ). Understanding how network communities evolve alongside ego networks and global networks can provide a more comprehensive view of the evolution of social systems.
Our empirical analyses are based on the network of interorganizational partnerships in the global computer industry from 1985 to 2001. This setting is particularly conducive to exploring our research question since firms' invention output in this highvelocity sector not only is essential for competitive success and survival, but also depends critically on their ability to access cutting-edge knowledge inputs (Bourgeois & Eisenhardt, 1988; Eisenhardt & Tabrizi, 1995) . More importantly, such access has often been linked to interorganizational partnerships that can offer particularly rich and efficient channels for knowledge flows throughout an industry (Hagedoorn, 1993; Lee, 2007; Yang, Lin & Lin, 2010) . Moreover, firms in the computer industry have been observed to agglomerate into distinct network communities (Dedrick & Kraemer, 2005; Rosenkopf & Schilling, 2007) . In this context, it is therefore reasonable to expect that firms' invention productivity will be affected by properties of the interorganizational network and, in particular, by network communities within it.
THEORY

Network Communities
Network communities can be found in a wide range of interorganizational settings. For example, many interorganizational networks have been identified as small world systems featuring multiple dense, nonoverlapping groups of firms that are only sparsely linked to other groups (e.g., Baum et al., 2003; Davis et al., 2003) . Our perspective on network communities derives from structural accounts that define communities as densely connected and cohesive social groups (or clusters) of actors, in which the actors are closer to each other than to other actors in the network. In this tradition, scholars have applied sociometric techniques, such as hierarchical clustering, to identify regions of high density in network structures; they then use these results to evaluate social proximity among corporations, state authorities, or elites (Laumann, Galaskiewicz, & Marsden, 1978; Laumann & Marsden, 1979; Nohria & Garcia-Pont, 1991) . Conceptually, this perspective builds on the notion of communities as interactional fields with boundaries shaped predominately by actors' interactions and their resulting social proximity (Kasarda & Janowitz, 1974; Kaufman, 1959; Turk, 1970; Upham, Rosenkopf, & Ungar, 2010) .
While this research has laid an important foundation for subsequent advances in the study of social systems, it has fallen short of systematically evaluating network communities as robust drivers of action. There are, however, two notable exceptions. One is the recent study by Greve (2009) that empirically documents the fact that firms located in the same network community are more likely to imitate each other than firms from other communities in adopting innovations. The other exception are the two recent studies by Rowley and his colleagues (Rowley, Baum, Shipilov, Greve, & Rao, 2004; Rowley, Greve, Rao, Baum, & Shipilov, 2005) that examine how the heterogeneity of firms in a community can affect a firm's decision to leave the community and show that this heterogeneity can also affect a member firm's market performance. These exceptions notwithstanding, systematic inquiry into how firms' affiliations with network communities can shape their invention outcomes is still lacking.
More broadly, the present focus on network communities has important parallels to the studies of strategic groups and cognitive communities in industrial economics and strategy. Research on strategic groups identifies groups of firms as similar along various dimensions of their strategy, such as the extent of their advertising and product branding; operation in regional, national, or multinational markets; and the extent and nature of diversification into different lines of business (Caves & Porter, 1977: 251) . The work on cognitive communities provides an important extension to this perspective by emphasizing that the material aspects of strategy interact in complex ways with the beliefs and perceptions of key organizational decision makers to shape an industry's competitive land-scape (Porac, Thomas, & Baden-Fuller, 1989; Porac, Thomas, Wilson, Paton, & Kanfer, 1995) . Both of these theoretical lenses thus offer unique but complementary insights into how the groupings of rivals in the same industry can explain firm-level performance, beyond industry-specific or firm-specific factors. As such, these lenses are in alignment with our focus on network communities, in that we also point to an important determinant of organizational outcomes that exists at an intermediate level of analysis, which in our case is located between the structure of a firm's network and the network structure of an industry.
Nonetheless, our focus on network communities as densely connected groups of collaborating firms is distinct from the focus of prior research on groups of rivals. The characteristics typically ascribed to competing firms-similarities in strategic attributes, overlapping claims to the same resource space, and cognitive perceptions of rivalry (Ingram & Yue, 2008; Porac et al., 1995) -are unlikely to have a one-to-one correspondence with patterns of collaboration (see, e.g., Thomas & Pollock, 1999) . In fact, since many rivals avoid collaborating with one another, strategic groups are unlikely to be structurally dense (e.g., Madhavan, Koka, & Prescott, 1998: 454 -455) . Furthermore, research on groups of rivals is intended to capture how members of the same group respond in a similar way to market disturbances or have power advantages over other groups in their industry (Caves & Porter, 1977: 252) . In contrast, network communities are expected first and foremost to shape the flows of knowledge and its heterogeneity in a broader industry space. As a result of these conceptual differences, studying groups of rivals invites an analytic approach distinct from that needed to study network communities. While network communities are typically identified on the basis of dense patterns of collaborative interactions among firms , groups of rivals are captured through clustering based on similarities in firms' attribute data or through sociometric techniques based on a high density of intragroup rivalry relations (Fiegenbaum & Thomas, 1990; Porac et al., 1995) .
Finally, the parallels between our focus on network communities and studies of industrial districts and technological clusters (e.g., Baptista & Swann, 1999; Saxenian, 1994) are worth noting. It is certainly plausible that regional collocation or technological similarity might correlate with pockets of dense organizational interconnectivity, and we account for these possibilities in our empirical strategy. Our focus on network communities is nonetheless distinct and more comprehensive. By examining the exact patterns of how a market's social structure is partitioned into network communities, we are more likely to capture the complex interplay of economic, geographical, technological, and social factors that jointly account for the formation of network communities (e.g., GomesCasseres, 1996; Knoke, 2009; Powell & Sandholtz, 2012) . More importantly, we can capture the patterns of interorganizational relationships that support the ongoing flows of knowledge, information, and resources that are most likely to affect the member firms' invention outcomes (e.g., Breschi & Malerba, 2005: 13; Cowan, 2005: 31; Whittington, Owen-Smith, & Powell, 2009: 117) . These flows and the resultant distribution of knowledge and resources in industry space, which underlie the effect of network communities of firms' invention outcomes, are not related to or conditional on the geographical proximity of firms.
Network Communities and Knowledge Heterogeneity
In comparison with both the ego network and the global network perspectives, the perspective we take here is an effort to reorient discussion of the sources of heterogeneity in social systems toward network communities as demarcating the boundaries of heterogeneous knowledge inputs. For ego network theorists, it is connecting with many alters (Powell et al., 1996; Shan, Walker, & Kogut, 1994) , and with those who are not connected to each other (Burt, 1992) , that puts an ego at risk of generating new ideas. In other words, knowledge heterogeneity is demarcated by the size of the ego's ego network and the patterns of connectivity among the ego's contacts. Some proponents of this perspective go so far as to suggest that network structures beyond ego networks may be irrelevant for actors' creativity (Burt, 2007) . In contrast, for global network theorists, the key sources of heterogeneity lie in the properties of global networks (Abrahamson & Rosenkopf, 1997; Centola & Macy, 2007; Uzzi & Spiro, 2005) . For example, some of these scholars have linked the highest levels of creativity to moderate levels of small worldness in a system, arguing that this structure provides actors with a broad and quick access to knowledge while also preserving its overall diversity (Uzzi & Spiro, 2005) . In summary, extant theories suggest that knowledge heterogene-ity in social systems-and the concomitant implications for actors' invention output-can be captured by examining the properties of either an ego network of ties centering on a single actor, or a global network comprising all actors in a given social system and their ties.
In contrast to these theories, the community perspective offered here suggests that the boundaries of heterogeneous knowledge inputs in social systems are most precisely demarcated by the boundaries of cohesive network communities among actors. At the heart of this argument is the expectation that increased connectivity among actors within a network community and the resultant information flows between them can homogenize the knowledge stocks and flows inside the community Lazer & Friedman, 2007; Reagans & Zuckerman, 2001) . As a result, actors may increasingly tap the same or similar technological opportunities in their community and rely on increasingly redundant flows of knowledge and information.
It is worth noting that the homogenization processes within network communities do not necessarily require knowledge and information to flow strictly through interorganizational ties. Relevant technological information could also travel outside of firms' interactions, for example, through publications, trade exhibitions, conferences, or the Internet (Porac et al., 1989; Rosenkopf, Metiu, & George, 2001) . Nevertheless, it is reasonable to expect that the presence of a direct tie between two firms makes the diffusion of technological knowledge more likely, particularly in its more tacit and complex forms. The presence of an interorganizational tie allows for direct exposure, observation, demonstration, and experience of new knowledge, which are often essential for effective knowledge transfer between firms (Mowery et al., 1996; Rogers, 2003) . Furthermore, interorganizational ties engender both formal governance (Mayer & Argyres, 2004) and informal interactions (McEvily & Marcus, 2005; McEvily, Perrone, & Zaheer, 2003) , which jointly enable knowledge and information to travel more effectively across organizational boundaries.
The homogeneity of knowledge within network communities can also be partly related to patterns of "homophilous" selection in partnership formation wherein interorganizational ties are more likely to form between two similar firms . This possibility in turn suggests that members of a given network community could be more similar to each other than to other firms in the network. Many of these similarities, such as having similar organizational cultures or similar experience in interorganizational partnerships, could pull organizations toward each other while also helping them avoid competitive frictions (Lavie, Haunschild, & Khanna, 2012; Wang & Zajac, 2007) . These similarities could also make members of the same network community more prone to identifying and focusing on similar technological and market opportunities, and to using similar ways to seize these opportunities. In support of this conjecture is evidence that, for example, decision makers in similar companies may over time develop similar mental models of their market and competitive environment (Porac et al., 1989 (Porac et al., , 1995 .
Although the knowledge available inside a given network community is likely to be rather homogeneous because of the higher intensity of knowledge flows and greater similarity among community members, a substantial degree of knowledge heterogeneity can still be preserved across different communities. In contrast to the high density of connections among firms within the same community, the network space between communities is described by rather sparse connectivity, which lowers the intensity of knowledge transfer, exchange, and absorption across community boundaries. Furthermore, firms that belong to different communities are likely to exhibit lower similarity than those that belong to the same community. Taken together, these features can both preserve and reinforce the heterogeneity of knowledge in different network communities.
Thus, it appears that whether a given network community facilitates or constrains the invention productivity of its members is related in part to the degree to which these firms are exposed to the broader knowledge inputs of the global network. Hence, one way to systematically examine the effects of network communities on firms' invention productivity is to identify which specific features of a community can best enable firms to access diverse knowledge and resources within a global network. We explore how the knowledge base of a given network community can get updated through the movement of firms across different communities over time. The indirect effect of such updating for a member firm can be captured when its network community acquires a new member with a different stock of knowledge and expertise, which can potentially enhance the knowledge base available to community members. A direct effect is evident when the firm moves across network communities over time, thus gaining exposure to heterogeneous knowledge and resources.
We further examine to what extent these effects are moderated by the structural position that a firm holds in its network community and by knowledge diversity across communities, as reflected by the evolving properties of their global network. Taken together, all these effects allow us to establish a more compelling link between the effects of membership dynamics in network communities and the resultant updates to the knowledge base of communities. Our overall argument also identifies some critical interactions between the characteristics of ego and global networks on the one hand and the properties of network communities on the other, thus leading to a more encompassing, multilevel analysis of social structures for understanding firms' invention outcomes.
Membership Dynamics in Network Communities
Membership turnover. Several recent studies have shown that interorganizational systems are characterized by frequent entries and exits of firms, as well as by pronounced changes in the patterns of interorganizational tie formation, all of which can affect the distribution of ties and regions of high density in a global network (e.g., Greve, Baum, Mitsuhashi, & Rowley, 2010; Rosenkopf & Padula, 2008; Rowley et al., 2005) . These occurrences are likely to propel changes in the membership composition of network communities over time. Scholars have also noted that compositional variation in social groups can have meaningful implications for members' invention outcomes and growth, since such diversity stimulates experimentation, flexibility, and new ideas (e.g., Florida, 2002; Porter, Whittington, & Powell, 2005; Simmel, 1950) . Compositional stability, in contrast, is likely to have the opposite effect.
A network community characterized by some membership turnover may thus be able to avoid the homogenizing tendencies characterizing network communities. Such membership turnover can be realized through vacancy chains, wherein the exits of some companies create a set of community membership opportunities cascading through a network (White, 1970) . The departure of old members and the arrival of new ones can reduce conformity pressures and expose community incumbents to outside ideas, diverse resource profiles, novel collaboration routines, and different strategic agendas, all of which can help update the community's knowledge base and enhance the invention activities of community members.
As the rate of membership turnover increases, however, a community may reach a point of diminishing returns, where the costs of high turnover start to exceed the benefits. High levels of turnover in a community may threaten the stability of its collaborative routines and established knowledgesharing practices, since trust among corporate actors takes a significant amount of time to develop. In the early stages of a relationship, actors are reluctant to make themselves vulnerable to one another, even though this may be required for a trusting relationship to develop (Blau, 1964) . Decreasing levels of trust within a community as a result of too much change may in turn increase the costs of forming and maintaining interorganizational ties, thus curbing firms' access to the knowledge and resource pools located outside of their organizational boundaries and raising the costs and risks of firms' inventions (Zaheer, McEvily, & Perrone, 1998) . At least some member firms, however, could benefit from the development of a resource base unique to that community; this could include common training of personnel or the development of a shared technological platform. The development of such a resource base could nonetheless be interrupted or otherwise undermined if excessive membership turnover disrupts the continuity of intracommunity collaboration and its cohesion.
In sum, it is reasonable to expect that a firm will derive the greatest benefits from being in a moderately dynamic network community. Moderate membership turnover reduces "lock-in" effects by opening up and updating a community's knowledge base, without imposing the costs and risks associated with excessive turnover. Hence, we propose:
Hypothesis 1. The turnover of community members in a firm's network community has an inverted U-shaped effect on the firm's invention productivity: The firm attains the highest invention productivity at a moderate rate of membership turnover.
Firm movement across network communities.
Rather than staying in the same network community over time, a firm can obtain diverse knowledge inputs by moving across different network communities. A firm may move across communities as a result of the actions of other firms, which may propagate macrolevel structural change in the network in which the communities reside. In some cases, moving across network communities could be the result of a firm's own pursuit of better resources or opportunities. While research on the implications of firms' movement across network communities has been limited, studies of labor mobility have demonstrated that people who change jobs moderately often acquire the best positions in the labor market: they are more likely to locate job opportunities through short distances in the social network and to offer relevant job information to others. By contrast, staying in the same job for too long limits a person's exposure to new opportunities, while excessive job hopping can limit the ability to capitalize on the information and opportunities offered by each different group of colleagues (e.g., Granovetter, 1974: 85-92) .
There are reasons to believe that a similar curvilinear relationship could describe the link between a firm's movement across network communities and its invention outcomes. Moderate mobility across communities could expose the firm to a diverse spectrum of inputs for invention, thereby helping it maintain a robust knowledge base for generating new ideas. In contrast, excessive movement across network communities can become a liability for at least three reasons. First, it can raise the costs of integrating the diverse knowledge stocks while also limiting the amount of organizational resources and attention that the firm can devote to any given recombinant activity (Ocasio, 1997) . Second, excessive mobility could also raise the costs of social integration by conferring permanent newcomer status on any firm without a local collaborative history (Gulati, 1995) . Such a social position could then raise the transaction costs of accessing the community's knowledge stocks, thus curbing the firm's ability to utilize that knowledge. Finally, in at least some cases, a firm's excessive mobility across network communities could result in a less coherent technological and collaborative profile (Zuckerman, Kim, Ukanwa, & von Rittmann, 2003) , making it harder for community members to discern the value of the knowledge offered by a newcomer. This could result in further hindering the transfer and application of knowledge by creating ambiguity around the new firm and limiting its ability to engage in full-fledged collaborations with community incumbents.
In sum, we expect that moderate levels of mobility across network communities offer the best conditions for a firm to achieve high invention productivity. Such moderate movement can provide the firm with sufficiently diverse knowledge inputs for invention while also enabling it to absorb and utilize the new knowledge more effectively. Hence, we propose:
Hypothesis 2. A firm's movement across different network communities has an inverted Ushaped effect on the firm's invention productivity:
The firm attains the highest invention productivity if it moves across network communities at a moderate rate.
Membership Dynamics and Firms' Position in Network Communities
Our predictions thus far imply that all members of a given network community can benefit equally from moderate community membership turnover and moderate movement across network communities. However, even in one network community, some firms may occupy more advantageous structural positions and thus have privileged access to the community's knowledge and resources (Dahlander & Frederiksen, 2012) . If the benefits of moderate membership turnover and moderate movement across different communities are indeed linked to changes across the knowledge base of a given community, then it is possible that a firm's invention benefits will vary depending on its position in the network community.
One central distinction that can critically shape a firm's access to the knowledge and resources of its network community is the extent to which the firm occupies a core location in its community. This distinction helps explain whether the firm is strongly or weakly embedded in its network community. A core firm is strongly embedded by virtue of holding multiple ties to many firms, both central and less central, in the network community. In contrast, a peripheral firm is weakly embedded because it holds fewer ties to other community members and is significantly less likely to connect to more central community members (Borgatti & Everett, 1999 ).
These differences in firms' structural positions can be consequential for their ability to capitalize on the knowledge base of a network community. Actors positioned in the core of network structures tend to get superior access to the knowledge and resource base of their social system (Abrahamson & Rosenkopf, 1997; Mintz & Schwartz, 1981) . A core firm can exercise a wider reach across its network community, one that includes other core and peripheral members. This, in turn, can provide the firm with a broader and quicker access to the local knowledge base and resources in the network community. By having multiple ties in the network community, core firms can also ensure that they have redundant channels for accessing the knowledge base of the network community, thus opening wider conduits for knowledge flows and making themselves less vulnerable to the idiosyncrasies of any given partner or interorganizational relationship.
As the knowledge base of a community gets updated through membership turnover, a core firm is likely to reap disproportionate benefits for its inventive activities by virtue of getting more effective and efficient access to the influx of new knowledge. Similarly, as the firm moves across different network communities, occupying core positions in those communities is likely to provide the firm with a broader access to the diverse knowledge and resources in those communities. It can thus accumulate a better knowledge endowment over time. Thus, holding core positions as a firm moves across network communities is likely to create better opportunities for the firm to effectively recombine knowledge from its prior community affiliations.
In sum, we expect that the extent to which a firm's invention outcomes can benefit from the membership dynamics of its network community and its movement across different network communities depend on the firm's position in its network community. Specifically, we propose:
Hypothesis 3a. The inverted curvilinear relationship between membership turnover in a community and a firm's invention productivity is moderated by the firm's core/periphery location in the community: A core firm benefits more from a moderate rate of membership turnover than a peripheral firm.
Hypothesis 3b. The inverted curvilinear relationship between a firm's movement across network communities and the firm's invention productivity is moderated by the firm's core/periphery location in the communities it encounters:
A firm occupying a core position benefits more from a moderate rate of movement than a firm occupying peripheral positions.
Membership Dynamics and Global Network Reach
Our claim that the benefits of increased knowledge diversity are best conferred by moderate rates of community membership turnover and movement across different communities rests on the assumption that network communities can serve as pockets of diverse and nonredundant knowledge inputs. However, the heterogeneity of the knowledge in different network communities depends on whether these communities can remain structurally separated from one another across the global network. Since members of different network communities are either entirely disconnected from one another or are only indirectly connected through long network paths, the flows of knowledge and information are likely to be more intense within, rather than across, network communities. This implies that remaining structurally separated from one another can help communities preserve their relatively diverse knowledge and resource bases Lazer & Friedman, 2007) .
The degree of global network reach in a network helps describe the overall separation of actors in the network.
1 Greater global network reach indicates that firms in the network can generally reach one another through shorter network paths. By the logic above, increases in the average global reach of firms in a global network can diminish the relative distinctiveness of the knowledge bases of different network communities. One reason for this is that direct connectivity can catalyze a more robust and continuous exchange of information and resources between firms. Shorter network paths are effective conduits for flows of knowledge between network communities. This, in turn, can familiarize firms with the resources of different communities and even allow them to internalize some of these resources directly. As a result, the knowledge base of a given network community can become more easily accessible to a wide range of nonmember firms. Furthermore, new knowledge produced in a given network community may become more similar to the knowledge produced in other communities as all this knowledge builds on increasingly homogeneous industry-wide knowledge. This argument draws in part on work suggesting that the patterns of knowledge flows in a network can shape available knowledge stocks (Baum, Cowan, & Jonard, 2010; Gulati et al., 2012; Lazer & Friedman, 2007) .
In line with this argument, we expect that as firms become more reachable to one another in the global network of an industry, network communities may lose their distinct advantage of acting as pockets of diverse knowledge in the industry. Thus, even if firms manage to gain exposure beyond their own network community, they are likely to draw on an increasingly redundant pool of knowledge and resources coming from other communities. As a result, the invention benefits associated with a firm's membership in a moderately dynamic network community, or with moving across different network communities over time at a moderate rate, may decline. Hence, we propose: 
DATA AND METHODS
In our empirical analyses, we used data on the network of interorganizational partnerships in the global computer industry from 1981 to 2001. To obtain these data, we used the MERIT-CATI database, which provides a comprehensive coverage of partnerships in high-technology sectors and has been extensively used in prior research (e.g., Gomes-Casseres, Hagedoorn, & Jaffe, 2006; Gulati, 1995; Hagedoorn, 1993) . These partnerships can take a variety of forms, including joint ventures, contractual collaborative agreements, and licensing deals. Since most of these partnerships entail some form of knowledge flow related to the development of new products or technologies, they are often described as technology alliances (Rosenkopf & Schilling, 2007) . In these partnerships, the personnel, the goal structures, the incentives, and the formal and informal organizational support mechanisms are geared toward the acquisition and transfer of technological expertise and knowledge. Focusing on the network constituted by these partnerships is therefore particularly useful for examining firms' access to technological knowledge and its effects on firms' invention productivity (e.g., Ahuja, 2000: 435; Rogers, 2003: 319 -320; Zaheer & Soda, 2009: 13) .
Because computer firms rarely formed partnerships prior to the 1980s (Hagedoorn, Cloodt, & Roijakkers, 2006 ), we used 1981 -2001 as the period of the study to capture the evolutionary trajectory of the interorganizational network of these firms from its very inception. Given our focus on the computer industry, we considered only those ties in which one or both partners were classified as computer firms. To do so, we tracked the firms' SIC codes and cross-checked them with the descriptive information obtained from business press and company websites. In addition, we used the description of the activities of each partnership to ensure that the database classified the partnership as a technology alliance whose objective was to develop new computer products, services, or technologies. These criteria produced a sample of 410 unique computer firms. About 60 percent of these firms were in manufacturing; 30 percent were in services; and 10 percent were in embedded systems (such as "firmware" or mobile applications). The average number of concurrent partnerships held by a single firm in any given year was 3.6, which includes both horizontal and vertical relationships. To reconstruct the industry-wide partnership network, we followed the analytic procedures established in prior research. First, any two firms forming a partnership were considered to be connected through a dyadic tie. Thus, if the partner-ship consisted of more than two firms, we decomposed it into dyads (Stuart, 1998) . Second, since alliance terminations were rarely reported and were indicated for only about 10 percent of the partnerships, we followed prior research and limited the duration of partnerships to five years (e.g., Gulati & Gargiulo, 1999; Kogut, 1988; Lavie & Rosenkopf, 2006; Stuart, 2000) . Using 1985 as the first year for which we reconstructed the partnership network, we produced 17 yearly observations of the evolving network until 2001.
The global network in the computer industry grew steadily from 27 firms in 1985 to the maximum size of 218 firms in 1996. It subsequently declined to 191 firms in 2001. In keeping with the characteristics of interorganizational networks observed across a range of industries (Rosenkopf & Schilling, 2007) , this global network had some disconnected components. The number of these components ranged from 10 in 1985 to 47 in 1996. One of these components was significantly larger than the others, comprising on average 60 percent of the firms. In contrast, the other components were smaller and mostly comprised just two or three firms. Figure 2 illustrates the global network in 1994.
Dependent Variable
We captured the invention productivity of firms using the counts of their successful patent applications. Patent applications provide an externally validated measure of invention (Griliches, 1990) and are extensively used in the studies of firms' invention productivity in technology-intensive sectors (e.g., Ahuja, 2000; Fleming, King, & Juda, 2007; Gomes-Casseres et al., 2006; Stuart, 2000) . 3 We defined the number of patents, t ϩ 1, as the total number of patents a focal firm applied for in year t ϩ 1. We accounted only for patent applications that were eventually approved. Since patents can have different review lags, we considered the year of application as the point at which an invention was produced, even if the patent was granted at a later time. We extracted the patent data from the NBER database of US patents (Hall, Jaffe, & Trajtenberg, 2001) . Even though about one-third of our network consisted of firms from outside the US, two factors motivated focusing on US patents. First, empirical evidence suggests that many foreign firms apply for US patents simply because the US market is so large. As a result, US patents constitute a major share of all global patents, reflecting the breadth of invention activities of companies across the globe (Griliches, 1990). Second, using the patents from a single country ensures analytic consistency in terms of the legal norms and regulatory regimes (Ahuja, 2000) .
Given the time frame of our study and our focus on the computer industry, we extracted patents filed between 1986 and 2002 that were classified under category number (no.) 2, "computers & communications." This technological category encompasses the following four subcategories: no. 21, "communications"; no. 22, "computer hardware & software"; no. 23, "computer peripherals"; and no. 24, "information storage" (Hall et al., 2001: 41) . These criteria led us to identify 143,500 patents issued to the 410 firms in the sample, yielding an average of 350 patents per firm. The distribution of patents across firms was skewed, with the top 10 percent holding over 80 percent of patents.
Identification of Network Communities
To test our hypotheses, we first analyzed the network in each year for the occurrence of cohe-3 By focusing on a single industry and estimating firmlevel fixed effects, we were able to eliminate a significant degree of unobserved heterogeneity related to firms' varying propensity to patent their inventions (Ahuja, 2000; Schilling & Phelps, 2007) .
FIGURE 2 Structure of the Global Network, 1994
sive, nonoverlapping communities of firms.
4 Having detected these communities, we then traced their evolution over time. To identify communities in each year, we followed the approach of Girvan and Newman (2002) , one of the most robust methods of community identification (Danon, DiazGuilera, Duch, & Arenas, 2005) , which identifies communities by assessing the difference in community structure between the actual network and a random network of the same size and degree distribution. To quantify this difference, the method defines network modularity as 1/E ⌺ (e kk -[e kk ]), where E is the total number of ties in the network, e kk is the number of ties in the kth community, and [e kk ] is the expected number of such ties in the random network. To ensure robust results, modularity is maximized over all possible community assignments and compared to a large number of random networks for assessment of its statistical significance (Guimerà & Amaral, 2005) . Values greater than 0.3 typically indicate a strong degree of community structure that could not be obtained by chance (Newman, 2003) .
In addition to offering a statistically validated partitioning of the network, another advantage of this procedure-compared to some alternative methods of community detection (e.g., hierarchical clustering)-is that it does not require any a priori assumptions regarding, for instance, the number of communities. Providing such information ex ante is difficult in our context, where a range of social, technological, and economic forces shape the network's community structure. This, in turn, makes it difficult to predict the boundaries of network communities using some observable attributes of firms, such as their technological or market niches. In addition, specifying communities ex ante can bias subsequent statistical estimation and results.
Our analysis of community structure focused on the global network's main component, which comprised on average 110 firms. By contrast, the remaining components were substantially smaller and comprised on average only 2.2 firms, thus precluding the formal analysis of their community structure. However, we estimated that the average density of ties in the smaller components (defined as the ratio of existing to all possible ties) was 0.86, and the average path length was 1.24. These values mirrored those estimated for the network communities identified in the main component (around 0.81 and 1.28, respectively). We therefore considered the smaller components to be stand-alone communities. Nonetheless, to make sure that this approach did not affect our results, we also controlled for whether a firm was affiliated with the main component in any given year and whether it was in a community that consisted of a single dyadic partnership.
Our analyses revealed the existence of a strong community structure throughout the period of the study. The value of modularity varied between 0.36 in 1985 and 0.74 in 1990. The average value was 0.63 over all 17 years, thus substantially exceeding the recommended threshold of 0.3. Furthermore, our tests indicated that the identified community structure was statistically significantly different from random in all years (at p Ͻ .001).
5 The total number of communities in the global network ranged from 11 in 1985 to 55 in 1996. The size of a typical network community ranged from 3 firms in 1985 to 8 firms in 1992. The mean density of ties within the communities was 0.81, while the mean density of ties in the entire network was less than 0.05. Furthermore, the shortest network distance between any two community members was 1.28 ties, while the shortest distance between any two 4 While in this study we conceptualize network communities as nonoverlapping groups of firms, some earlier theorists studied overlapping social groups (Blau & Schwartz, 1984; Simmel, 1955) . These theorists typically view social structure through the lens of multiple social characteristics of actors that result from their occupying different social roles or participating in different social contexts at the same time. For example, actors can simultaneously be colleagues and friends, and thus reside in different, but overlapping, social worlds of work and friendship. In contrast, in our scenario we follow prior research (e.g., Burt, 2005; White, 1961) in isolating communities of firms formed by realized interactions among specific sets of corporate actors (McPherson, SmithLovin, & Cook, 2001) . In many sparsely connected social systems, these communities typically do not overlap (e.g., Girvan & Newman, 2002; Shipilov, Li, & Greve, 2011; Sytch et al., 2012) . Note also that such nonoverlapping communities need not result in a fragmented social structure, since they are often tied together by sparse bridging relationships. 5 We compared the value of modularity for the actual network with the mean value estimated for a comparable random network in each year. The values for the random network were estimated over 1,000 randomizations using the size and degree distribution of the actual network. The tests indicated that the identified community structure was statistically significantly different from random (p Ͻ .001).
firms in the main component was 4.14 ties. Overall, these results confirm our expectation that the identified communities reflected pockets of strong relational cohesion among firms. Figure 3 shows the structure of network communities in 1996 as an example.
Knowledge Heterogeneity within and across Network Communities
In addition to examining the structural characteristics of network communities, we explored whether the identified network communities also represented pockets of homogeneous knowledge within the industry. A thorough test of this argument would entail conducting a detailed analysis of the contents of knowledge stocks and flows among firms. In an interorganizational network of the size analyzed in this study, however, such analysis was impossible. Nevertheless, one useful proxy for testing whether the communities possessed more homogeneous knowledge than the rest of a network was to analyze the composition of patent stocks and patterns of patent citations within and across the identified network communities. To do so, we conducted two sets of analyses. First, we analyzed the patterns of patent citations and the distribution of patents across different technological classes within dyads. This analysis indicated that any two firms from the same network community were on average twice as likely to cite each other's patents as the patents of firms located outside of the community (p Ͻ .001). Furthermore, the patents owned by firms from the same network community were more likely to be distributed across a similar set of three-digit technological classes (p Ͻ .001). Finally, the technological classes of the patents that either cited (i.e., in forward citations), or were cited (i.e., in backward citations) by, the patents owned by members of the same network community were more similar (p Ͻ .001) than the patent citations-whether forward or backward-for any two firms from different network communities. In additional statistical analyses, we found that these patterns of homogeneity were related to both (i) homogenization of firms' knowledge bases following membership in the same community and (ii) selection of firms with more similar knowledge bases into the same community.
Second, we used a computer simulation to explore the extent to which not only dyads but also entire network communities represented more homogeneous knowledge stocks. To do so, we randomly redistributed firms over the network communities in each year, while keeping the overall number of communities and the size of each community fixed. We repeated this procedure 1,000 times for each year and then used the results to compute the baseline similarity of the patent stocks and the forward and backward patent citations of firms within each community (using an inverse of Blau's diversity metric). Subsequently, we compared the real and the baseline similarity scores statistically using a z-score, defined as (S -[S])/, where S is the actual similarity of firms' patents and patent citations with respect to three-digit technological classes, [S] is the baseline similarity estimated over 1,000 randomizations of the network's community structure, and is the standard deviation from [S] . Results indicated that the differences were statistically significant (p Ͻ .001), thus suggesting that the knowledge stocks of network communities were indeed more homogeneous than one could expect by chance.
Dynamics of Network Communities
To trace the dynamics of the identified network communities over time, we matched them over contiguous years on the basis of the extent to which they consisted of the same firms. Formally, we defined the overlap between two communities as (C i, t പ C j, tϩ1 )/(C i, t ഫ C j, tϩ1 ), where C i, t പ C j, tϩ1 was the number of unique community members shared by both communities from year t to t ϩ 1 and C i, t ഫ C j, tϩ1 was the number of all community members present in both communities. A value of 0 indicated that communities did not share any members, and 1, that they shared all members.
Using this rule, we considered C i, t and C j, tϩ1 as a single dynamic community if the overlap between them was at least 30 percent and no other match provided a greater degree of overlap.
6 Failing to satisfy the 30 percent requirement meant that the community in year t would be considered dissolved and the community in t ϩ 1 would be considered new. We identified 126 distinct communities over 1985-2001. The lifespan of network communities varied significantly from 1 to 12 years, with the average being about 4 years. Similarly, firms varied significantly on how long they stayed affiliated with a given community; this number ranged from 1 to 9 years (2.5 years on average).
Independent Variables
To test the effect of membership turnover in a firm's community on its invention productivity (Hypothesis 1), we defined membership turnover as the extent to which the community comprised distinct firms in year t compared with the previous year. We measured this variable as the inverse of community overlap across both years-formally,
To test the effect of a firm's movement across different network communities (Hypothesis 2), we defined prior community affiliations as the number of distinct communities in which the firm was a member prior to t, excluding the current community. This variable was set to 0 if the firm had no prior community affiliations (e.g., it just entered the network in year t). In line with Hypotheses 1 and 2, we specified linear and squared effects for both of these predictors.
To test the moderating impact of a firm's position in its network community on membership turnover (Hypothesis 3a) and on the firm's movement across different communities (Hypothesis 3b), we interacted the curvilinear effects of membership turnover and prior community affiliations with a firm's within-community coreness. To define the actorcentric measure of coreness, we followed Borgatti and Everett (1999) and used the continuous core/ periphery model. This model, which captures to what extent a firm is positioned closer to the core than to the periphery of its network community, is more precise than the discrete model of core/periphery (for a similar approach, see Cattani and Ferriani [2008] ). As Borgatti and Everett (1999: 392) indicated, it is reasonable to expect that a core firm will occupy a more central location in its network community. However, a central firm does not necessarily have to be core. In our context, the latter could occur when a peripheral firm connects with numerous other peripheral members of its network community, or with members of other network communities. In such a case, the peripheral firm may obtain a moderate to high level of centrality but still remain outside the core of its network community. The measure of coreness is thus more likely than alternative measures to capture the benefits that accrue to a firm's central position in its network community.
To test Hypothesis 3a, we captured a firm's coreness in its current network community. To test Hypothesis 3b, by contrast, we captured the timevarying average coreness of a firm, measured over all of its prior community affiliations up to the focal year. To obtain this measure, we calculated the firm's within-community coreness in each year and divided the sum by the number of years the firm spent in the network, until t. This approach provided an effective way to account for the likely positive moderating effect of a firm's moving into a more core location versus the likely negative effect of its moving into a more peripheral location (indicated by greater and lower average coreness, respectively). In addition, this approach also provided a more precise way to capture the full moderation effect of coreness with respect to all of a firm's prior community affiliations, rather than just the recent one.
Finally, to test the moderating impact of global network reach on community membership turnover (Hypothesis 4a) and firms' movements over different network communities (Hypothesis 4b), we interacted the curvilinear effects of membership turnover and prior community affiliations with global network reach, specified as the average network reach between any two firms in a network (Borgatti, 2006) . Formally, the specification was 1⁄N t ͑N t Ϫ 1͒ i j i 1⁄d ij , where N t was the size of the network in year t and d ij was the shortest network distance between two firms i and j. This measure varied between 0 and 1, with higher values indicating greater global network reach. To test Hypothesis 4b, rather than capturing current global network reach in year t, we captured the time-varying effect of a firm's average global network reach, which was measured over the firm's entire history of community affiliations. We calculated global network reach for each year during which the firm was present in a network and then divided the sum by the total number of years the firm spent in the network, until t. This approach provided a more precise way to model the moderating effect of the change in global network reach and allowed us to capture moderation over the entire history of a firm's prior community affiliations.
Control Variables
To ensure robust results, we controlled for a range of other possible firm-level and communitylevel determinants of a firm's invention productivity. First, using data from Compustat, Worldscope, and Orbis, we controlled for firm size (measured as headcount), financial condition (measured as net income and return on assets [ROA]), and investments in R&D (measured as R&D spending). These variables were logged to correct for their distributional skewness. Second, to control for the effect of a firm's ego network position on its invention productivity, we specified two static measures: (i) logged degree centrality, measured as the total number of ties held by the firm in year t, and (ii) ego network density, the total number of ties between the firm and its partners and among the partners themselves, divided by the number of all possible ties among these firms. In addition, we also specified two dynamic measures: (i) ego network turnover, measured as the degree of membership turnover in a firm's ego network (defined as 1 minus the fraction of the same firms in the ego network from year t -1 to t), and (ii) ego network growth, the change in the firm's degree centrality from t -1 to t. In line with our nonlinear prediction of the effect of community membership turnover, we expected the effect of ego network turnover on firm invention output to follow an inverted U-shape. The latter variable also helped isolate the effect of ego network turnover from the mere growth or shrinkage of an ego network. Finally, we used the binary variable main component firm to control for a firm's position inside the main component of a network.
Third, we accounted for the firm's position in its network community by controlling for the main effect of within-community coreness (as defined above). In addition, we controlled for the firm's position with respect to other network communi-ties by capturing the dispersion of its partners across different communities. To this end, we defined cross-community participation as 1 minus the diversity of partners' own communities, measured using the Blau index. This control varied between 0 and 1, yielding higher values for those firms whose partners were distributed over a greater number of different network communities. 7 Further, to control for a firm's tenure in its current network community, we used the binary variable community incumbent. This control was equal to 1 if the firm was a member of the same community in the previous year and 0 otherwise. Fourth, we controlled for a range of structural characteristics of the firm's network community. We specified community size as the total number of firms that were members of the firm's network community in year t, including the focal firm. Community centrality, in turn, reflected the number of other unique communities to which the firm's community was connected in year t. We defined community constraint as the extent to which the neighboring communities were also connected among themselves (cf. Burt, 1992; Reagans, Zuckerman, & McEvily, 2004) . For any community i, this index was defined as j i ͑ ij ϩ k i,j ik kj ͒ 2 , where ij was the fraction of i's ties with community j, ik was the fraction of i's ties with community k, and kj was the fraction of k's ties with j. A higher value of this control indicated a more structurally constrained community. We also controlled for community age, defined as the number of years since the firm's community had been formed, until t. Finally, to ensure that membership turnover did not reflect mere change in the size of a community, we controlled for community growth, defined as the absolute change in community size from year t -1 to t.
Fifth, we accounted for the possible common effects of firms' knowledge stocks and geographical locations on their selection into network communities and their invention outcomes. To do so, we specified technological diversity as the extent to which firms' patent stocks in the same network community were distributed over different threedigit classes (using the Blau index). This control yielded higher values for those communities whose patent stocks were more diverse. The alternative measure of technological diversity at the ego network level correlated with this measure at over 0.8. In robustness tests, using this alternative control variable produced no changes in the results. Further, we specified average geographical distance as the average spherical distance (expressed in miles) between the corporate headquarters of any two community members.
In addition, we accounted for the dyadic communities in our data using a binary variable called single dyadic partnership, set to 1 if a firm's community consisted of just one dyadic partnership and 0 otherwise. Further, we used the binary variable single large partnership, set to 1 if the firm's community contained only a single partnership consisting of more than two firms, and 0 otherwise (such communities constituted about 5 percent of our data). We also specified global network turnover as the degree of membership turnover at the level of the entire industry-wide network (defined as 1 minus the fraction of the same firms in the network from year t -1 to t). In line with our previous arguments, we modeled this control as a curvilinear effect. Coupled with the control for ego network turnover, this effect allowed us to more precisely account for the effect of membership turnover at the level of a firm's network community. To control for the possible exogenous shocks and the changes in network size, we specified the number of community 7 As noted above, in our theory and analyses, we conceptualize and measure network communities as nonoverlapping groups of firms. To explore the robustness of this theoretical premise, we conducted exploratory analyses of the data to explore more ambiguous cases, in which a given firm could be assigned to more than one community in a given year by virtue of maintaining a large number of ties to communities other than its own. We found that, overall, these cases were extremely rare. First, there were only ten firm-year observations (i.e., just over 1 percent of the sample)in which a firm's total number of ties to other communities exceeded the number of ties to its own community. Second, there was not a single case in which a firm's number of ties to a given external community (0.42 on average) exceeded the number of ties the firm had within its own community (3.1 on average). These results indicated that if we were to relax the assumption of nonoverlapping communities and allow for cross-community overlaps, their sparse external connectivity would put firms into unequivocally peripheral positions in other communities. Therefore, even without modeling community overlaps explicitly, our present analytic approach allowed us to account well for firms' positions with respect to multiple communities. We did so by accounting for (a) how firms connect within their focal community, using within-community coreness, and for how they reach out to other communities in their network, using cross-community participation, which accounts for firms' peripheral positions in other network communities.
and network exits as the number of firms that left a firm's community in year t, while also leaving the entire network in the same year. After we incorporated all the variables and controls, the effective sample included 918 firm-year observations across 192 unique computer firms.
ANALYSIS AND RESULTS
To test our predictions, we used two complementary statistical approaches. First, to control for unobservable heterogeneity among firms and overdispersion in patent applications, we used negative binomial regression with conditional firm-level fixed effects (Hausman, Hall, & Griliches, 1984) . Because our panel was relatively short and contained a large number of firms, estimation with conditional fixed effects was preferred to unconditional estimation. The latter approach could result in inconsistent estimates because of the incidental parameter problem, which arises when relatively few observations are used to estimate a large number of parameters (Cameron & Trivedi, 1998) . Since the negative binomial fixed-effects estimator was conditioned on the total sum of patents for each firm, firms that did not apply for a single patent over the entire 17-year period were eliminated from the estimation. This resulted in a truncation of the sample by about 20 percent, to 720 firm-year observations. Despite this limitation, the fixed-effects estimator should remain unbiased and consistent (Wooldridge, 2002) . Nonetheless, we also verified the robustness of our results using alternative models that retained the full sample (see robustness tests below).
Second, to account for the nested structure of our observations within firms and within network communities, we utilized a three-level Poisson model. The analysis of variance in patent applications revealed that both firm-level groups (F ϭ 18.44, p Ͻ .01) and community-level groups (F ϭ 2.89, p Ͻ .01) explained a statistically significant portion of the variance. A multilevel model allowed us to estimate both firm-specific and community-specific intercepts and coefficients as a function of the respective population means plus a random variance component. Doing so helped mitigate the risks of biased parameter estimates and incorrect estimation of standard errors owing to the nested data structure (Snijders & Bosker, 1999) .
Specifically, we used a three-level Poisson model of firm-year outcomes (level 1) with random intercepts estimated for firms (level 2) and their network communities (level 3). In addition, we also estimated firm-level and community-level random coefficients. The firm-level random coefficients were estimated for a firm's prior community affiliations (Hypothesis 2) and its interactions with average within-community coreness (Hypothesis 3b) and average global network reach (Hypothesis 4b). The community-level random coefficients, in turn, were estimated for the effect of membership turnover in the firm's community (Hypothesis 1) and its interactions with within-community coreness (Hypothesis 3a) and global network reach (Hypothesis 4a). We also estimated random coefficients for community-level controls of community size, community age, community constraint, and community's technological diversity, because doing so significantly improved model fit (p Ͻ .001).
Results
Descriptive statistics and bivariate correlations are reported in Table 1 . We verified that multicollinearity did not pose a serious threat in our estimation as the condition indices remained within the recommended range (Belsey, Kuh, & Welsch, 1980) . In Tables 2 and 3 , we report the results of our negative binomial models with firm-level fixed effects (Table 2 , models 1-7) and the three-level Poisson models with random intercepts and random coefficients ( models 8 -14). Models 6 -7 and 13-14 represent the fully specified regressions containing all predicted effects.
In models 1 and 8, we tested Hypotheses 1 and 2. The results support Hypothesis 1, indicating that membership turnover in a firm's network community affects the firm's invention productivity in an inversely curvilinear manner (see Figure 4A ). Lind and Mehlum's (2009) test supported the presence of effect taking an inverse U-shape (t ϭ 1.78, p ϭ .04) with the inflection point at 47 percent turnover. Over 52 percent of the observations in our sample fall above this inflection point. A typical member of a moderately dynamic community (i.e., one that retains about 55 percent of its members from year t -1 to t) tends to file for 19.5 percent more patents than a member of a static community (i.e., one that retains all of its members), and for 4.2 percent more patents than a member of a highly dynamic community (i.e., one that retains just 30 percent of its members). Our fully specified models, 6 -7 and 13-14, also support these results.
Further, models 1 and 8 also support Hypothesis 2, indicating that the extent to which a firm moves across different network communities af- 
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fects its invention productivity in an inversely curvilinear manner. The firm thus benefits the most if it moves across different network communities with a moderate frequency (see Figure 4B ). Lind and Mehlum's (2009) test supported the presence of an inverse U-shaped effect (t ϭ 2.16, p ϭ .02), indicating the inflection point at five prior community affiliations. Even though this inflection point is well within the data range, only about 2.5 percent of the observations in our sample fall above this level. Given this small number, in additional analyses we explored whether a logarithmic specification of the firm's prior community affiliations could potentially provide better fit to the data. Comparative analyses of model fit indicated, however, that the quadratic specification (AIC ϭ 4,040.03) offers better fit than the logarithmic one (AIC ϭ 4,041.60). A typical firm with a moderate rate of movement across different network communities (i.e., one with about five prior community affiliations) thus files for approximately twice as many patents as a firm with no prior community affiliations. It also files for about 50 percent more patents than a firm with nine prior community affiliations. The results of the fully specified models 6 -7 and 13-14 support these estimates as well.
In models 2-3 and 9 -10, we tested Hypotheses 3a and 3b. The results consistently support Hypothesis 3a, indicating that the positive effect of the moderate rate of community membership turnover is amplified for those firms that are located in the core of their network community. Specifically, the linear term of membership turnover shows a significant positive interaction with a firm's within-community coreness (models 2 and 9). Being located in the core of a moderately dynamic network commu- 
nity thus enables a firm to file for about 5 percent more patents than being located on the community's periphery (see Figure 4C ). The results of our fully specified models, 6 and 13, are consistent. Results, however, provide only partial support for Hypothesis 3b. While the prediction of a positive interaction between a firm's prior community affiliations and its average within-community coreness is not supported by our partial models, 3 and 10, it is supported by our fully specified models, 7 and 14. Based on the estimates of model 7, Figure 4D demonstrates an interesting nuance to our original prediction: a noticeable shift occurs in the inflection point in the effect of prior community affiliations for core firms, from five to three communities. These results hint at the significant costs of entering multiple network communities as a core member, a condition that can exacerbate the cost of integration and create stronger ambiguity in a newcomer's collaborative profile (Zuckerman et al., 2003) . These circumstances, in turn, can overwhelm the benefits of accessing new invention inputs for core firms as they move across an increasing number of network communities. Peripheral members, in contrast, seem to be more immune to these risks. Those having zero to five prior community affiliations register noticeably lower levels of invention productivity than core firms, but peripheral members with more community affiliations (five to nine) enjoy superior invention benefits, which are coupled with a higher inflection point. Finally, our results do not support Hypotheses 4a and 4b. These predict that lower global network reach will help maintain greater knowledge heterogeneity across different network communities, thus creating additional invention benefits to firms with moderate levels of membership turnover and a moderate number of prior community affiliations. In contrast to our expectations, negative binomial models (6 and 7) demonstrate null effects for the respective interactions. The multilevel Poisson models (12 and 13), in turn, provide estimates that are opposite to our expectations (see Figure 4C and 4F). Although-given the lack of consistency among these distinct estimation approaches-the results of these models should be interpreted with caution, they could point to a more complex relationship between global network reach, network community dynamics, and firms' invention productivity. Specifically, this relationship could entail not only the heterogeneity of knowledge across communities, but also the degree to which knowledge can be absorbed and integrated by firms as a function of increasing global network reach.
Overall, the results support our theory. We find that a firm's invention productivity benefits the most from moderate community dynamics, which can entail the necessary updates to the knowledge base in the firm's community. This can happen either indirectly, through community membership turnover, or directly, through the firm's movement across different network communities. Furthermore, we find that firms located in the core of their network community can most effectively capitalize on the benefits of moderate membership turnover and moderate levels of prior community affiliations.
Robustness Tests
To ensure robust results, we conducted a range of additional tests. First, we explored a key alternative explanation for our findings. It could be that both a community's membership turnover and a firm's movement across different network communities are driven by the firm's new alliance formations (cf. Koka, Madhavan, & Prescott, 2006) . Specifically, a greater prior propensity of a firm to form new alliances could boost both the member turnover in the firm's community and the firm's likelihood of moving to another community. While, in our main analysis, we controlled for a firm's degree centrality and changes in it, in additional analyses we also modeled the rate of membership turnover in its community from year t to t ϩ 1 and its likelihood of moving to another community in t ϩ 1 as a function of new partnerships formed by the firm in year t. Results indicated a weak negative effect of prior ties on the subsequent rate of community membership turnover and no significant effect on a firm's movement across different network communities, thus lending no support to the alternative explanation. From a conceptual standpoint, these results indicate that the observed community dynamics are substantially driven by the behaviors of other firms in the network, rather than the firm's own collaborative pursuits (cf. Ozcan & Eisenhardt, 2009) . We also reran all our models while controlling separately for the firm's new partnerships in year t.
Second, we explored the sensitivity of our results to alternative ways of constructing the interorganizational network. While in the main analysis we modeled interorganizational ties as lasting for five years, in additional analyses we set the duration of ties to three, four, six, and seven years. In addition, we applied a set of alternative specifications (40, 50, and 60 percent) for the minimum fraction of firms that an evolving network community needed to preserve across two contiguous years. Our results remained substantively unchanged in these tests.
Third, we explored whether the study's observation period from 1981 to 2001 captured the evolution of the interorganizational network in the computer industry from its very inception. To do so, we tracked the MERIT-CATI data all the way back to the 1960s. Our observations indicated that prior to the 1980s, the industry network was generally very small and sparse, containing only a handful of firms and ties. It was not until 1985 that this network developed a robust main component with some community structure. To verify this finding analytically, for all annual networks from the early 1980s and the 1990s we estimated the percolation threshold, or the probability of finding a large main component (Newman & Watts, 1999) . We found that the average percolation threshold in 1985-2001 was three times greater than in 1980 -84, and about ten times greater than in 1960 -79. To ensure that these findings were not unique to MERIT-CATI, we also verified them using data from SDC Platinum and obtained very similar results. Furthermore, to verify the sensitivity of our results to the possibility of missing partnership data, we performed a series of tests by removing up to 50 percent of the ties in each year at random. Even after such extreme manipulations, we found that the overall structure of network communities remained unchanged. 8 Fourth, we explored the risk of right-censoring in our patent data. Our data covered all patents filed from 1986 to 2002 and approved by the end of 2006. For the 143,500 patents in our sample, the mean duration of the review process at the USPTO was about 3.17 years. This average duration was consistent over firms, network communities, and the entire 17-year observation period. Given this finding and the 4-year lead period with respect to the data used in this study, right-censoring was unlikely to have posed a problem. Nevertheless, to verify this conclusion, we extended the lead period to 5 and 6 years, respectively, by truncating patent data first in 2001 and then in 2000. We also explored whether accounting for differences in patent quality could affect our estimates. To do so, we weighted each patent by its forward citations. This measure correlated with firms' raw patent count at 0.9. Finally, rather than capturing the patents filed in year t ϩ 1, we counted the patents filed within 2 and 3 years from t, respectively. Our statistical results remained robust to these modifications.
Finally, we verified our statistical results using other estimation techniques. While the negative binomial regression model used in our main analysis can effectively deal with the issue of overdispersion in the dependent variable, it can also lead to biased estimates should data suffer from autocorrelation or distributional misspecification. We therefore reestimated our models using firm-level fixedeffects Poisson estimates (Cameron & Trivedi, 1998) . In addition, to ensure that sample truncation did not affect our results, we ran a series of ordinary least squares (OLS) models on the logged dependent variable. In contrast to the maximum-likelihood estimator, which eliminates all firms with a constant zero outcome, the fixed-effects OLS estimator allows for retaining these firms in the estimation. The results of these additional tests were similar.
DISCUSSION
Departing from prior research that has applied either the ego network or the global network per-spective to analyze the implications of social structure for the creation of knowledge, this study has examined the implications of network communities for the invention productivity of firms in the computer industry. Two factors motivated our focus on network communities. First, since more heterogeneous inputs are likely to be located in the space between rather than the space within network communities, the boundaries of these communities and the regions of high network density that they delineate can help scholars evaluate the heterogeneity of critical knowledge inputs for firms' invention activities. With respect to this argument, the community perspective offers a set of novel and unique theoretical insights that go beyond the findings of prior work that has utilized either the ego network or the global network perspective. This is because those two perspectives draw on different markers for understanding the distribution of knowledge in social systems, and neither of them can adequately account for the structure and dynamics of network communities among firms.
Second, since network communities are characterized by shorter network distances and lower transaction costs of exchange, locally available inputs are more easily accessible to firms than are inputs located elsewhere in a global network. But the fact that these inputs are locally accessible yet globally isolated, and thus are likely homogeneous, effectively generates a puzzle, in that communities can both enable and constrain firms' invention productivity. We have attempted to resolve this puzzle by focusing on how the dynamics of firms' movement across network communities can help update the local knowledge base of a community, thus offering the joint benefits of easy access and diverse local knowledge to its members.
Toward this end, our study produced three key findings. First, we found that the computer industry community's membership turnover, defined as changes in its internal composition over time, had an inversely curvilinear effect on the invention productivity of the member firms. Specifically, a moderate rate of membership turnover enhanced the member firms' invention outcomes by updating the community's knowledge base, thus conferring an advantage over members of more static communities. Extreme levels of membership turnover, however, constrained member firms' invention productivity, most likely by increasing the risks and costs of collaboration and thereby eroding the collaborative base of the community. Second, we found that a firm's movement across different communities over time had an inversely curvilinear effect on its invention productivity. Hence, while some mobility can be necessary to ensure exposure to diverse knowledge inputs, excessive movement can increase the costs of integrating these new inputs and adjusting to new environments. Finally, our results indicate that not all members of a given network community benefit equally from the effects of membership turnover. Specifically, our results indicate that members located in the core of their network community can claim greater benefits from moderate levels of membership turnover in that community than those located on its periphery. This result suggests that core firms may have quicker, broader, and generally more efficient access to the local knowledge base of their network community as it is updated by firms arriving from outside of it. With respect to prior community affiliations, our results indicate that firms' lower attachment to network communities seems to allow for greater promiscuity, which enables the firms' invention productivity. Put differently, our results point to an interesting tension between the costs and benefits of (a) deep integration and search across only a few network communities as a core member and (b) a quick scan and peripheral entry into numerous network communities.
Our research and findings offer several contributions to organization theory. First, by emphasizing the role network communities play in demarcating the boundaries of homogeneous knowledge inputs, the results of this study advance understanding of the relationship between networks and firms' invention activities beyond that facilitated by findings under both the ego network perspective (Ahuja, 2000; Zaheer & Soda, 2009 ) and the global network perspective (Schilling & Phelps, 2007; Uzzi & Spiro, 2005) .
More importantly, we demonstrate that the membership dynamics of network communities, and the knowledge updates they entail, can have fundamental implications for firms' invention outcomes. This finding, therefore, casts doubt on the uniformity of the recent conclusion that only ego networks matter for actor outcomes (Burt, 2007) . It also suggests that future studies applying the ego network perspective could pay closer attention to whether an ego's alters are located in the same network communities or different ones, since these structural distinctions critically shape the diversity of the alters' knowledge and information.
Our second contribution lies in explicating how the perspective on network communities helps un-cover some novel ways in which global networks can evolve and in which actors' individual network positions can change over time. This, in turn, offers a direct contribution to the studies of network dynamics (Gulati & Gargiulo, 1999; Shipilov & Li, 2012; Zaheer & Soda, 2009) . One key aspect of this contribution is related to recognizing membership dynamics in networks as an influential dimension of network change. Our study suggests that the turnover of community members in a firm's network community and the firm's movement across different communities can provide critical access to heterogeneous knowledge and resources. Even more intriguingly, we find that the behaviors of other firms in a network-rather than a firm's own pursuits-significantly drive observed community dynamics. This finding, in turn, suggests a more balanced view (cf. Burt, 1992) of the sources of variation in network positions, wherein individual agency may be significantly constrained. It also points to the importance of considering changes in a broader network structure for understanding the antecedents of individual network positions.
Third, our study shows that the properties of ego networks interact with the key features of network communities to shape actors' behaviors and outcomes. In doing so, our research takes a step toward a more integrative, multilevel approach to the relationship between network structures and actors' behaviors and outcomes (Brass, 2011) . In our case, using such an integrative approach not only helps to establish a more comprehensive link between the properties of their global network and firms' invention outcomes, but also provides for a more precise identification of the sources of knowledge heterogeneity in an interorganizational system. Finally, the perspective on network communities advanced in this study can also contribute to a number of related lines of research. For example, studies of industrial districts and regional economies (Buhr & Owen-Smith, 2011; Lazerson & Lorenzoni, 1999) could benefit from exploring how network communities form and evolve, interlinking firms both within and between districts. Such investigations could shed light on how social structures shape local productivity and invention output by raising or lowering the costs of economic exchange within and across geographical locales, as well as by either enabling or constraining knowledge flows. Similarly, there is promise in examining how an industry structure analysis that simultaneously decomposes an industry into network communities of collaborators and groups of rivals could inform a range of organizational outcomes (Thomas & Pollock, 1999) . For example, one can envision various configurations and dynamics in an industry that are such that, at any given time, the space between network communities can be populated by firms with various degrees of rivalry relationships (Sytch & Tatarynowich, in press ). Such multidimensional space could allow for a deeper analysis of the flows of knowledge, information, and other resources in the industry. Adding a cognitive lens to the study of this multidimensional space (Porac, Thomas, & Baden-Fuller, 1989; Porac, Thomas, Wilson, Paton, & Kanfer, 1995) could advance researchers' understanding beyond that attained via this study's focus on firms' inventions. To be specific, future research could fruitfully study a wide range of firms' strategic actions and outcomes by examining the perceptions of collaboration and rivalry held by firm executives and by influential third parties (such as financial analysts).
Another promising direction for future work would entail a more systematic analysis of how firm-level attributes interact with the membership dynamics of network communities highlighted in this study (see e.g., Shipilov, 2006) . In our additional analyses, we found that more profitable firms (as indicated by higher ROA) tended to reap the greatest invention benefits from moderate levels of membership dynamics. Other research suggests one possible mechanism underlying this effect: since profitable firms can have a more favorable bargaining position (Lavie, 2007) , they may also be able to appropriate greater value from within-community relationships, perhaps at the expense of less successful community members. Taken together with our main findings, these results thus contrast with the findings of some earlier research pertaining to business groups, such as keiretsus in Japan. They suggest that, rather than playing the redistributive role common in a keiretsu (Lincoln, Gerlach, & Ahmadjian, 1996) , network communities tend to increase inequality by allowing rich firms and firms in their cores to get even richer. These findings thus indicate some early promise for additional research in this area.
In closing, it is important to note that our theory and results are tailored to the analysis of sparsely connected interorganizational systems, where network communities typically do not overlap with one another. It is in part the lack of overlap and the sparse connectivity among the network communities that sustains the heterogeneity of knowledge and resources among them. Extending the analysis to sys-tems with overlapping network communities and those in which actors could be members of more than one community at a time could generate fruitful novel insights. Furthermore, our theory and results involve an important and rather straightforward boundary condition. The application of the network community lens to the study of interorganizational systems is contingent on the presence of a robust structure of network communities. While a strong community structure often characterizes interorganizational and interpersonal settings (e.g., Davis et al., 2003; Shipilov & Li, 2012; Sytch et al., 2012) , strong community structure is not the case uniformly. To the extent that the global network resembles a random network in its properties, or displays a strong core/periphery structure, the application of the network community lens is limited.
Nevertheless, whenever the network community structure is found to be present, applying the network community perspective could open up new avenues for analyzing a wider spectrum of industrial and national contexts. For example, while some economies are organized around business groups (i.e., cohesive agglomerations of firms tied by economic relationships or governance control [see, e.g., Carney, Gedajlovic, Heugens, Essen, & Oosterhout, 2011; Lincoln et al., 1996] ), not all industrial and national domains feature such groups. Many business groups, such as Japanese keiretsus and Korean chaebols, are also unique in that they incorporate exchange partners and financing entities, have strong institutional support mechanisms, and display remarkable stability in affiliation patterns. Some theorists have thus concluded that these groups have no real counterparts in Western economies (e.g., Lincoln et al., 1996: 71) . We believe, therefore, that a focus on network communities would allow for a more inclusive analysis and offer exciting opportunities for future research addressing a broader range of industrial, national, and institutional systems. Adam Tatarynowicz (a.tatarynowicz@tilburguniversity.edu) is an assistant professor of organization and strategy at Tilburg University. He holds a Ph.D. in management from the University of St. Gallen and was a visiting scholar at the Kellogg School of Management, Northwestern University. His primary research interests are in organization theory and focus on the structure and dynamics of interorganizational networks. In his recent work, he seeks to understand how these networks form and evolve, and how they affect firms' outcomes. He investigates these issues in a variety of settings, including the computer industry, biotechnology, and pharmaceuticals.
